We investigate whether adding fundamental indices to a portfolio provides increased diversification benefits.
Introduction
Portfolio diversification benefits arise when investors choose assets with imperfectly correlated returns. The identification of unique asset classes is therefore of significant importance to both institutional and retail investors in achieving risk reduction (Sharpe, 1978) . Gallo and Lockwood (1999) demonstrate that investors who fail to correctly identify autonomous asset classes are exposed to unintentional style risk factors. Many studies over the years have examined extensively the benefits of investing in value versus growth stocks as well as small-cap versus large-cap stocks including, but not limited to, Fama and French (1992) , Sharpe (1978) , Sharpe (1981) , and Teo and Woo (2004) . The majority of these studies have largely considered only capitalization-weighted indices when examining the various equity styles. The main reason for using cap-weighted indices is the support for such indices in modern portfolio theory. Few studies to date have examined explicitly whether constructing an index using a different methodology would create a separate asset class with desirable diversification properties.
In the presence of efficient market prices, the capital asset pricing model (CAPM) of Sharpe (1964) identifies the market portfolio as the mean-variance efficient portfolio tangent to the capital market line as a portfolio constructed from market capitalization weights. However, where market price inefficiencies or market frictions exist, studies have shown that capitalization based weighting schemes lead to sub-optimal performance. Markowitz (2005) , for example, demonstrates that a capitalization-weighted portfolio will not be mean-variance efficient when investors do not have access to unlimited borrowing. Prior studies such as Fama and French (1988) , Jegadeesh (1990) , and Lo and MacKinlay (1988) , among others, present examples in support of the view that markets may not be completely efficient. In light of this evidence, Arnott et al. (2005) suggest that cap-weighted indices suffer unavoidable performance drags. The argument is that overvalued (undervalued) securities would be over- (under-) represented in the index and would hurt the performance of the index when the pricing error is corrected.
Given these concerns, there has been a substantial interest in alternative indexation methodologies. A recent alternative to market cap-weighted indices has been suggested by Arnott et al. (2005) and Arnott and West (2006) . Instead of basing index weights on noisy and possibly inefficient market prices, these studies use the economic and fundamental footprint of index components, like cash flows, sales, book values, and dividend yields. Empirical evidence has shown that fundamentally weighted indices have tended to outperform their cap-weighted counterparts, on a risk-adjusted basis, over significant periods of time. For example, the cumulative five-year return of the US 1000 RAFI fundamentally weighted index ETF (US ticker: PRF) is 23.1% by the end of December 2010. At the same time, the cumulative five-year return of the S&P 500 over the same period is 11.99%. Furthermore, back test results reported by Arnott et al. (2005) show that fundamental indices have outperformed the S&P 500 index on average by 1.97% annually during the period . The superiority of fundamental indices' returns over cap-based indices' returns has achieved much attention in the recent literature. However, the usefulness of fundamental indices as investment vehicles has attracted some criticism as well. Perold (2007) and Kaplan (2008) , for example, argue strongly against using fundamental indices based on the lack of theoretical support in their favor, their macro-inconsistency, as well as issues arising with re-balancing frequencies and index turnover.
Our objective in this article is two-fold. First, we investigate the merits of using fundamental indices in improving the risk-return profile of a well diversified portfolio. We focus explicitly on fundamental indices since their use may circumvent the potential downside of capitalization-weighted indices due to market price inefficiencies. We do not intend to reconcile the literature regarding the mean-variance efficiency of capitalization versus fundamentally weighted portfolios. Rather, we aim to answer the question of whether the mean-variance efficient frontier generated by a well-diversified portfolio (using only cap-weighted equity indices) can be improved substantially by the addition of a fundamental index. Our results will provide some mixed evidence on this front.
Second, we examine the ease of constructing a buy-and-hold replicating portfolio which mimics the returns of a fundamental index as closely as possible. We use up to six cap-based ETFs in constructing this replicating portfolio and report how well it performs relative to the fundamental index both in-sample as well as out-ofsample. Amazingly, we find that the buy-and-hold replicating portfolios outperform the fundamental index out-of-sample for a period of up to six months post-formation during four separate sub-periods. Surprisingly, this outperformance is not due to higher exposures to systematic risk as the portfolios' stock market betas are very close to one.
Data
In order to determine if fundamental based indices represent a separate equity class we construct a benchmark portfolio with exposures to several different equity styles. Our choice includes a large cap blend, small cap blend, large cap growth, small cap growth, large cap value, and small cap value equity ETFs, essentially, representing the major equity styles. We also deliberately choose publicly listed ETFs rather than equity indices in order to avoid the tracking error involved with replicating an index. The existence of the size and value effects has long been recognized in the finance literature and that is our motivation for our choice of equity styles. Furthermore, institutional investors often invest in these equity styles in order to satisfy their equity diversification mandates as pointed out by Arnott (1985) , Hardy (2003) , and Sharpe (1981), among others.
Specifically, we use the following iShares ETFs to represent cap-weighted size and style indices in our benchmark portfolio: large-cap (Ticker: IWB), large-cap growth (IWF), large-cap value (IWD), small-cap (IWM), small-cap growth (IWO), and small-cap value (IWN) In almost every style category, the two largest fund families are Vanguard and iShares, with Vanguard having generally greater net asset values but with lesser daily trading volume than iShares. The correlations between any of the six fund family pairs are always in excess of .98 and having examined a number of alternate fund providers, no discernable difference exists in the results reported in this article. In what follows, we will refer to these exchange traded funds as the benchmark assets unless otherwise indicated. The fundamental based index-tracking ETF we use is the US RAFI 1000 ETF (US Ticker: PRF) as it has an investment universe almost the same as the iShares Russell 1000 large cap value fund (IWD). This is important in order to ensure that any potential benefits that may appear from including the RAFI are not directly related to an expanded equity selection base.
We examine daily closing prices adjusted for cash dividends, stock dividends and stock splits starting from December 21, 2005 until December 31, 2010 for the fundamental based RAFI index ETF and six cap-weighted ETFs. Our start date represents the inception date for the traded RAFI ETF. In addition to performing our analysis during the entire five-year sample period, we also report our findings for three sub-periods. The This finding has been dubbed as Murphy's law of diversification and is primarily due to an increase in the correlations between the returns of risky assets when stock market volatility is high. Hence, it is of interest to establish whether fundamental indices provide diversification benefits during a financial crisis. The last sub-period we consider begins on March 2, 2009 and lasts until December 31, 2010. This sub-period coincides with increasing equity prices.
We calculate daily simple returns based on the daily adjusted closing price level for each of the seven ETF price series. Table 1 reports descriptive statistics of the daily ETF returns. Note that the US RAFI ETF offers the highest (second highest) Sharpe ratio in the pre-(post-) financial crisis period. However, the RAFI fund turns out to be the worst performer of the group during the financial crisis bear market sub-period.
Nevertheless, the RAFI's poor performance is not much different than the performance of the iShares Russell 1000 large cap value fund.
Insert Table 1 here.
Unconditional Mean-Variance Spanning Tests
We employ the mean-variance spanning framework of Huberman and Kandel (1987) to determine whether fundamental indices can be spanned by the components of a well-diversified benchmark portfolio. This approach tests formally whether the mean-variance frontier improves materially with the addition of a new asset. The tests depend largely on the improvement in the risk of the minimum variance portfolio and the improvement of the risk-return trade-off (Sharpe ratio) of the tangent portfolio of the extended mean-variance frontier. We refer the interested reader to Appendix A for the technical details.
In order to examine risk factors we estimate the four-factor model of Carhart (1997) the replicating portfolio and US 1000 RAFI fund:
where r p,t is the daily return time series of either the replicating portfolio or the US RAFI fund, r m,t is the excess return on the market, SM B t is the (small minus big) Fama-French size factor, HM L t is the (high minus low) Fama and French valuation factor, and U M D t is the (up minus down) momentum factor.
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The motivation for the inclusion of a momentum factor rests with the possibility that any security mispricing will distort the returns on capitalization-weighted indices. Arnott et al. (2005) , Perold (2007), as well as Perold and Sharpe (1988) find that cap-weighted indices tend to outperform fundamental indices during periods of positive serial return correlation and vice versa.
The second regression we perform with the RAFI index return is:
where r i,t is the simple daily return of the benchmark ETF i. Intuitively, the spanning tests check whether the intercept α in the above regression is statistically different from zero and whether the factor loadings sum up to 1. If these conditions hold, then we can replicate exactly the returns of the fundamental index by constructing a self-financing portfolio of the six ETFs.
Empirical Findings
Portfolio diversification benefits are an outcome of securities being less than perfectly correlated with one another. The lower the correlation between securities, the greater the achievable diversification benefits in terms of risk reduction that can be achieved. It is therefore worth providing some commentary on how the fundamental index exchange traded fund is correlated with the remaining cap-weighted ETFs in our benchmark portfolio, in order to gain some preliminary insight into the level of diversification benefits that may be attainable.
Examining pairwise correlations we note that the US RAFI 1000 fundamental index ETF return has a high correlation with the Russell 1000 fund return, ranging from a minimum of 0.9596 in the first sub-period to a high of 0.9825 during the financial crises period. Based on this evidence alone, the addition of a fundamental 3 We are grateful to Ken French for providing the data on the factor returns.
index ETF might seem not to provide substantial diversification benefits, in terms of risk reduction, for a portfolio already having exposure to a broad market cap-weighted fund.
Although the correlations are less in magnitude, a similar result is also obtained when examining correlations between the RAFI and Russell 1000 ETFs against other ETF returns over the different sub-periods.
These correlations are always above 0.88, with a peak during the financial crises sub-period. What is interesting to note, however, is that the correlations of the other ETFs are generally smaller with the RAFI returns, when compared to the Russell 1000 returns. Moreover, as would be expected in the period following the financial crisis, correlations between the RAFI ETF return and other sample fund returns decline. However, this is not the case for the pairwise correlations between any of the cap-weighted ETF returns. Only in relation to the correlations with the RAFI do we see a reduction after the crises, potentially hinting at the prospect that the RAFI ETF index may yet provide diversification benefits after we include it in our benchmark portfolio.
We now turn to our mean-variance spanning test results for the three sub-periods which we present in Table 2 . Panel A reports the regression results which form the basis of the spanning tests tabulated in Panel B.
Intriguingly, the large-cap ETFs have statistically significant coefficients before and during the financial crisis, but not in the final sub-period following the crisis. At the same time, the small-cap ETFs have insignificant coefficients outside of the crisis period, while being highly significant during the crisis sub-period.
Insert Table 2 here.
Before and after the financial crisis we find overwhelming evidence against the null hypothesis of meanvariance spanning at any conventional level of significance. This implies that the addition of a fundamental index would indeed improve the mean-variance frontier of our benchmark portfolio. During the crisis subperiod we find that there is slightly less than a 3% chance that the benchmark ETF returns can span the RAFI ETF return. However, most conventional levels of statistical significance will point towards a rejection of the null hypothesis during the crisis sub-period as well.
Next, we investigate whether these rejections are due to a material improvement in the tangent or the minimum variance portfolio of the expanded mean-variance frontier. Panel C of Table 2 reports the results of the step-down tests 4 . The results are quite intriguing in that there appears to be no statistically significant improvement in the tangent portfolio following the addition of the RAFI ETF across all sub-periods. This particular result would, though, be congruent with the earlier discussion on noting high correlations. However, the minimum variance portfolio shows a highly significant improvement after we add the RAFI ETF. The statistical evidence against the null hypothesis that the minimum variance portfolio (MVP) does not improve is overwhelming. Hence, we conclude that the rejection of the joint hypothesis is largely due to the rejection of the hypothesis that the MVP does not improve. The practical implications of this are that the RAFI ETF can serve a useful purpose in designing low risk portfolios, but does not seem to be able to assist in the risk/return trade-off for other non-minimum variance portfolios.
If we now focus our attention on the Carhart (1997) four-factor loadings of the RAFI ETF and the six benchmark ETFs to understand the inherent risk structure within the fundamental ETF, we observe in Table   3 that the market beta of the benchmark large-cap blend ETF (IWB) is higher than the market beta of the RAFI ETF. Also, both ETFs tend to have negative loadings on the SMB factor, which are of similar magnitude. The major differences between the IWB and the RAFI ETF have to do with the value HML and momentum UMD factor loadings. The HML factor loading of the PRF ETF is positive, whilst negative for IWB. The UMD factor loadings of both ETFs are negative and statistically significant but the RAFI ETF appears to be more contrarian than the IWB ETF. These findings hold across all the sub-periods except the post-crisis period where the IWB UMD loading becomes positive. These factor loadings we note are also not too dissimilar to Arnott et al (2005) , albeit for a different sample period.
Insert Table 3 here.
Next, we report the mean, standard deviation, and Sharpe ratio of the global minimum variance portfolio and tangency portfolio for the three sub-periods in Table 4 . In the first sub-period we note that the Sharpe ratio increases both for the minimum variance portfolio and the tangent portfolio after we add the fundamental index ETF. Another interesting finding during the crisis sub-period is that adding the fundamental index ETF actually reduces the Sharpe ratio of both the minimum variance and the tangent portfolio. In the last sub-period following the crisis the results are mixed since adding the RAFI ETF improves the Sharpe ratio of the tangent portfolio but decreases the Sharpe ratio of the minimum variance portfolio. We do emphasize that these are simply in-sample findings and that the out-of-sample performance of these portfolios may be quite different. We address this issue in the next section.
Insert Table 4 here.
Rolling Window Mean-Variance Spanning Test
To determine the robustness of our results, we run spanning tests on a rolling window of data. We use a one-year time window and roll it forward on a daily basis. This approach lets us examine whether we are able to span the returns of the fundamental index going forward as new data becomes available. statistical evidence during this sub-period suggests strongly that the fundamental index does not improve on the mean-variance frontier of the six benchmark ETFs. However, the rolling window test results before and after the financial crisis do point in favor of including the fundamental index in the benchmark portfolio.
Insert Figure 1 here.
Furthermore, there is a considerable amount of persistence in the spanning test probability values. This implies that an investor may be able to forecast any future diversification benefits out-of-sample. Nevertheless, it is also clear that the ability to span an asset can change quickly and dramatically. Given these findings, an investor should be able to replicate the mean-variance structure of fundamental indices out-of-sample. We explore this further in the next section.
Insert Figure 2 here.
The above mean-variance spanning test unfortunately does not specifically identify whether failure to span is due to a significant improvement in the tangent or the minimum variance portfolio, following the inclusion of the RAFI. Separating the test into two parts, along the lines of Kan and Zhou (2012) , we report two separate series of probability values of the LM test in Figure 2 . The results are very intriguing. First, there is no statistical evidence that the tangent portfolio improves following the addition of the RAFI index.
Second, there is very strong statistical evidence that the minimum variance portfolio improves significantly before and after the bear market during the financial crisis sub-period. The inability to improve the MVP during the financial crises is to be expected, given the previously noted increased correlation levels the RAFI ETF returns shared with the other ETFs during this period.
RAFI Replicating Portfolios
In this section we apply one of the replicating portfolio algorithms of Glabadanidis (2011) to test the performance of the benchmark ETF replicating portfolio versus the RAFI ETF. In each sub-period we use approximately six months worth of daily return data to estimate all the variances and covariances that we need. Then we use a linear regression, with up to six of the benchmark ETFs, to calculate the replicating portfolio weights and returns. At every stage the linear regression is as follows:
where r p,t is the simple excess return of the RAFI ETF, r ET Fi,t is the simple excess return of the i-th ETF, and N ET F is the current number of ETFs in the replicating portfolio. The regression slope coefficients β i represent the optimal replicating portfolio weights. Table 5 presents the results for the optimal replicating portfolio weights using four different sub-samples.
We use a step-wise regression approach to determine how we select which ETF to add sequentially. The first ETF added to the portfolio is the one that leads to the highest goodness of fit, R 2 , for the regression.
The next ETF we add is the one that results in the next biggest improvement in fit, and so on until all six ETFs are added. From the resulting portfolios we construct buy and hold returns, both in sample as well as out-of-sample, for a period of six months. Focusing our investigation on a buy and hold strategy allows us to avoid nuances in dealing with transaction costs, plus sets a benchmark for potentially more complex approaches that could also be adopted.
Insert Table 5 here.
Overall, the portfolio weights show remarkable stability after the first two or three ETFs are included and the remaining cash position is fairly close to zero in all sub-samples. Most portfolio weights are positive and less than 100% (with one exception in the last sub-sample with only one ETF in the replicating portfolio).
The small-cap ETFs (IWO, IWM, and IWN) have small negative weights which are not too excessive and are not surprising given the results reported in Table 3 .
Panel A of Table 5 reports the replicating portfolio weights during the first six months after the RAFI ETF was listed. The weights are quite stable with the lion's share being devoted to a large-cap ETF (IWB) and large-cap value (IWD). This is not an unexpected result given that fundamental indices apply similar logic to picking large-cap value stocks. Small caps (IWM) and, to a lesser extent, small-cap growth receive a negative weight which is consistent with the RAFI ETF loading on large-cap value stocks. Large-cap growth stocks receive a negligibly small weight of less than one half of one percent.
Panel B of Table 5 presents the replicating portfolio weights using data from the first half of 2007. Largecap and large-cap growth stocks again dominate the replicating portfolio with the large-cap value ETF (IWD)
having almost twice the weight of the large-cap blend ETF (IWB) by the time all six ETFs are included in the replicating portfolio. The small-cap value ETF (IWN) has a fairly small negative weight and the small-cap growth ETF (IWO) has a negligibly small weight of one tenth of one percent. Note that the cash balance in this sub-sample is higher than the cash balance in the previous sub-sample.
Panel C of Table 5 presents the replicating portfolio weights using data for the six months immediately preceding the onset of the global financial crisis. The weights on all ETFs are remarkably stable after we have included the first three ETFs. The small-cap growth ETF again retains a negative weight while most of the portfolio is again invested in large-cap, large-cap value and small-cap value stocks. The cash position here turns negative but never exceeds 5% of the portfolio value, reflecting borrowing at the daily risk-free rate and investing more than its own capital in the replicating portfolio.
Finally, in Panel D we report the optimal replicating portfolio weights using six months of data following the 5-year market low achieved on March 3, 2009. In this case, we observe a larger amount of borrowing at the risk-free rate though this never exceeds 17% of the portfolio value. The portfolio is again dominated by the large-cap value and large-cap blend ETF. However, large-cap growth and small-cap value have non-negligible positive weights, while small-cap growth has a significant short position (although never exceeding 30% of the portfolio value).
We now move on to examining the performance of the RAFI replicating portfolios. Table 6 reports these results for where there are one to all six ETFs added to the portfolio, and for all four separate sub-periods.
The in-sample periods coincide with the sample periods used to construct the portfolio weights reported in the previous exhibit. The out-of-sample periods contain the subsequent six months of daily data.
Insert Table 6 here. for that particular sub-period. Here the tracking error of the replicating portfolio out-of-sample exceeds the in-sample tracking error which is to be expected. However, our buy-and-hold replicating portfolio still beats the RAFI by between 50 and 206 basis points during the six months out-of-sample. This outperformance was achieved despite having the same amount of market beta risk as contained in the broad stock market proxy. 
Conclusion
Our mean-variance spanning results clearly indicate diversification benefits tangibly exist from including a fundamental index within an investor's portfolio. However, these benefits mostly relate to the improvement in the minimum variance portfolio. We do not detect a statistically significant improvement in the tangent portfolio of the extended mean-variance frontier.
Our results also show clearly the out-of-sample power to replicate and outperform the fundamental index returns. This can be achieved without having to load up on systematic beta risk. Nevertheless, we need to caution the reader that this outperformance can only be detected during the past five years for which the RAFI ETF has been publicly listed. Also, our analysis relies on constructing a buy-and-hold portfolio, avoiding issues relating to re-balancing frequencies and transaction costs. However, it would be of interest to consider constructing replicating portfolios with fixed weights which are re-balanced at some frequency (i.e., daily, monthly or quarterly) to investigate how the results might change in the presence of transaction costs.
This we leave for future work.
Appendix A. Mean-Variance Spanning Tests
Let R 1 be a T × K matrix of realized returns of the K benchmark assets over T periods and R 2 be a T × N matrix of realized returns of the N test assets. The following linear regression is useful in performing tests of mean-variance spanning:
where β is a K × N matrix of factor loadings of the test assets onto the benchmark assets. In matrix form, the above regression takes on the following representation,
where X is a T × (K + 1) matrix with a typical row of [1, R 1,t ] and E is a T × N matrix with t as a typical row. The maximum likelihood estimates of B and Σ = var( ) arê
Mean variance spanning tests involve testing the following restriction, both jointly and independently, on equation (4) in order to infer the existence of diversification benefits.
where 1 N is a N -vector of ones. 
Under these restrictions there is no improvement in the
and the maximum likelihood estimator of Θ isΘ = [α,δ] = AB − C.
To test if we can span the RAFI ETF, we employ the Lagrange Multiplier (LM), Likelihood Ratio (LR),
and Wald (W) asymptotic tests. The LM, LR, and W all have an asymptotic χ 2 2N distributions. It is also well known that W ≥ LR ≥ LM in finite samples. We report all three test statistics in our sub-period results but focus our attention on the LM test statistic only in the rolling window and out-of-sample tests in the interest of space.
Expanding on the work of Kan and Zhou (2012) , Glabadanidis (2009) shows that LM, LR, and W are given by:
Following the recommendation of Kan and Zhou (2012) , we take a step-down approach to test separately whetherα = 0 N andδ = 0 N . This lets us identify whether failure to span the RAFI ETF returns is due to a significant change in the tangent or minimum variance portfolio. The above formulae work for the step-down tests as well. Testing whetherα = 0 N obtains with just the first row of A and C above while testing whether Notes: Daily data is used in the above summary statistics. ρi is the i-the order serial autocorrelation. Table 4 reports the annualized mean, standard deviation and Sharpe ratios of the tangent (TGP) and minimum variance (MVP) portfolios over the three sub-periods. BM is the benchmark replicating portfolio and F is the RAFI ETF. Table 6 reports the in-sample and out-of-sample RAFI ETF replicating portfolio results. TE is the tracking error or the daily standard deviation of the difference between the replicating portfolio daily return and the RAFI ETF daily return. SF is the cumulative short-fall of the replicating portfolio relative to the RAFI ETF over the entire six month period under consideration. ρpy is the correlation between the replicating portfolio return and the RAFI ETF return, αp and βp are the intercept and slope from the single-factor market model with the value-weighted stock return as the market proxy.
